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Abstract A com m on assumption o f rem ote sensing-based ligh t use efficiency (LUE) models fo r estimating 
vegetation gross primary productiv ity  (GPP) is tha t plants in a b iom e m atrix operate at the ir photosynthetic 
capacity under optim a l c iim aticcond itions. A prescribed constant b iom e m axim um  ligh t use efficiency parameter 
(LUEmax) defines the m axim um  photosynthetic carbon conversion rate under these conditions and is a large 
source o f model uncertainty. Here we used tow er eddy covariance measurement-based carbon (CO2) fluxes for 
spatial estim ation o f  op tim a l LUE (LUEopt) across N orth America. LUEopt was estim ated at 62 Flux N etw ork sites 
using tow e r daily carbon fluxes and m eteoro logy, and satellite observed fractional photosynthetica lly  active 
radiation from  the M oderate Resolution im aging Spectroradiom eter. Ageosta tistica i m odel was fitte d  to  45 flux 
tow er-derived LUEopt data points using independen t geospatial environm enta l variables, inc lud ing  g lobal p lant 
traits, soil moisture, terrain aspect, land cover type, and percent tree cover, and va lidated at 17 independent 
tow e r sites. Estimated LUEopt shows large spatial va riab ility  w ith in  and am ong d iffe ren t land cover classes 
ind ica ted  from  the  sparse to w e r netw ork. Leaf n itrogen co n ten t and soil m oisture regim e are m ajor factors 
exp la in ing  LUEopt patterns. GPP derived  from  estim ated LUEopt shows s ign ifican t corre la tion im p rovem en t 
against tow e r GPP records (/?  ̂= 76.9%; mean root-mean-square error (RMSE) = 257g C m ^^ y r^ * ), relative to  
alternative GPP estimates derived using biome-specific LUEmax constants (/?̂  = 34.0%; RMSE = 439 g C m ^^y r^ * ). 
GPP de te rm ined  from  the  LUEopt m ap also explains a 49.4% greater p ro p o rtio n  o f to w e r GPP va riab ility  at 
the  inde p en d e n t va lida tion  sites and shows prom ise fo r im p rov ing  understand ing o f  LUE patterns and 
environm enta l contro ls and enhancing regional GPP m on ito ring  from  satellite rem ote sensing.
1. Introduction
Satellite rem ote sensing, as the  on ly  means o f  m on ito ring  vege ta tion  changes at g loba l scales, has been 
w ide ly  app lied  to  de te rm ine  p lan t p ro d u c tiv ity  and ecosystem dynam ics [e.g.. Running e ta l., 2004; Xiao e ta i., 
2005; K im ba iie ta i., 2006; Zhao and Running, 2010]. However, estim ation  o f p lan t carbon uptake at large scales 
using rem ote sensing p roducts is bound w ith  uncerta in ties [Heinsch et ai., 2006; Hiiker e t ai., 2008]. W hile 
upscaled site level vege ta tion  gross prim ary p roduc tion  (GPP) estim ates show  a mean g loba l terrestria l 
carbon uptake o f  123 ± 8  Pg C yr^* [Beereta i., 2010]; rem ote sensing p roduc tiv ity  estimates show sign ificantly 
low er levels (-109.3  Pg C yr^*) [Zhao et ai., 2005].
O ptica l rem ote sensing da ta-driven m ethods fo r es tim a ting  GPP genera lly  rely on spectral vege ta tion  indices 
o f p h o to syn th e tic  canopy cover d e rived  from  v is ib le  and near-in fra red  reflectances and o th e r ancilla ry  
b iophysica l inpu ts  in c lu d in g  genera l land cover and p lan t fu n c tion a l type  characteristics, in c id e n t solar 
radiation, and surface m eteoro logy [K imbaii e t ai., 2009]. However, lim ita tions w ith  respect to  available g round 
tru th  data fo r m odel deve lopm ent, ca libration and va lidation, and poor m odel assumptions are am ong the 
main sources o f uncertainties in rem ote sensing-based ecosystem p roductiv ity  models [A h ie ta i.,  2004; Yuan 
e ta i., 2007]. Add itiona lly , having a good  estim ation o f  ecosystem p roduc tiv ity  requires deta iled  know ledge o f 
vegeta tion pheno logy [Jin et ai., 2013] and canopy photosyn the tic  response to  variations in environm enta l 
cond itions [Li e ta i., 2008] w ith in  and between p lant functiona l types.
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O ptica l rem ote sensing-based p ro d u c tiv ity  m odels such as the  C arneg ie -A m es-S tan fo rd  Approach [Potter 
e t al., 1993], Terrestrial Uptake and Release o f Carbon [Ruimy e t al., 1996], C-Fix [Veroustraete e t al., 2002], 
and M O D I 7 [Running e t al., 2004] are based on the  lig h t use e ffic iency (LUE) concept [M onte ith , 1972; Kumar 
and M onte ith , 1981]. In th is logic, p lan t p roduc tion  is linearly related to  pho tosyn the tica lly  active radiation 
(PAR) absorbed by the  vege ta tion  canopy (absorbed pho tosyn the tica lly  active rad ia tion  (APAR)) and the 
e ffic ie n cy  w ith  w h ich  th is  solar rad ian t en e rg y  is tran s fo rm e d  in to  ve g e ta tio n  b iom ass th ro u g h  net 
photosynthesis (ligh t use efficiency).
M axim um  ligh t use efficiency (LUEmax) defines the  canopy pho tosynthetic capacity o r m axim um  rate o f 
conversion o f APAR to  vegeta tion biomass (gC M J^^) under optim a l (non lim iting ) environm enta l conditions 
[Monteith, 1972]. The LUEmax param eter is reduced under suboptim al tem perature and w ater de fic it 
cond itions and varies according to  vegeta tion  type  and env ironm en t [Bartlett et ai., 1989; Trapani et ai., 1992]. 
This has been the basis o f the NASA MODIS (Moderate Resolution Imaging Spectroradiometer) GPP product 
(MODI 7) [Running et ai., 2004; Zhao et ai., 2005]. The M O DI 7 GPP product is currently the on ly  rem ote sensing 
global operational ecosystem productiv ity  data record and has been in p roduction from  MODIS on board 
the NASA EOS Terra and Aqua satellites since 2000 and 2002, respectively. The M O DI 7 GPP product uses 
MODIS-derived fractional photosynthetica lly active radiation (FPAR) [Myneni e t ai., 1999] to  estimate terrestrial 
ecosystem GPP g loba lly  at 8 day intervals w ith  1 km spatial resolution. The M O DI 7 a lgorithm  is based on the 
assumption tha t LUEmax variab ility  is conservative w ith in  ind ividual biomes [Monteith and Moss, 1977] and 
defines general biophysical response characteristics to  estimate GPP using a Biome Property Look-Up Table 
(BPLUT) [Zhao et ai., 2005] and global land cover classification [Friedi e t ai., 2010] th a t defines 11 general plant 
functiona l types. Flowever, LUEmax can show large variab ility  even w ith in  the same plant functiona l type [Goefz 
and Prince, 1996; Gower e t ai., 1999; Turner e t ai., 2002], and the fixed param eter fo r LUEmax is a m ajor source 
o f uncertainty forecosystem  productiv ity m odeling [Ruimy et ai., 1994; Way etai., 2005; Pan et ai.,2006; Wang etai., 
2010]. The biome background m atrix defined using fixed LUEmax values increases m ode l GPP uncerta in ty , 
because spatia l he te ro g e n e ity  in ve g e ta tio n  lig h t use e ffic iency is underrepresented [Turner e t ai., 2002].
W ith in  a g iven b iom e type, and inde p en d e n t o f d irec t env ironm en ta l forc ings, LUE and hence ecosystem 
p ro d u c tiv ity  are a ffected by stand age and soil nu tritio n  [Huston and Woiverton, 2009; M aihi, 2012], leaf 
n itrogen concentra tions [Kergoat e t ai., 2008; O iiinger et ai., 2008; Reich, 2012], and canopy structure  and leaf 
tra its [W right e t ai., 2004; Jones et ai., 2012; Rogers, 2013]. These factors are no t d irec tly  represented by the 
relative ly sim ple LUE m odel log ic due  to  lim ita tions o f  available b iophysica l data required fo r m odel 
deve lopm en t and regional sim ulations.
Factors constra in ing  p lan t p ro d u c tiv ity  can be d iv ided  in to  th ree  general groups: constra in ts gove rn ing  
po ten tia l carbon uptake (stressor factors, e.g., tem pera tu re  and vapor pressure de fic it (VPD)), inhe ren t p lant 
physio logical characteristics (p lan t func tiona l types and traits, e.g., leaf n itrogen  con ten t), and landscape 
features (e.g., terrain and m icroclim ate regime). Environmental stressor factors such as m in im um  tem perature  
and VPD d irec tly  a ffect canopy stom ata l conductance  and pho tosyn the tic  carbon uptake. Flowever, the  o the r 
tw o  factors are ecosystem  properties th a t vary spatia lly and can in fluence LUE and ecosystem  p ro d u c tiv ity  
w ith in  ind iv idua l biomes. W hile stressor factors can a ffect photosynthesis at da ily  and fine r tim e  scales, 
the  o th e r tw o  factors are assumed to  be tem po ra lly  conservative at coarse spatial scales and over lim ited  
opera tiona l sate llite  records.
W hen en v iro n m e n ta l stressor facto rs (such as tem p e ra tu re  and w a te r de fic it) are n o t cons tra in ing  to  
pho tosyn the tic  carbon gain, then  ecosystem  op tim a l ligh t use e ffic iency (LUEopt) can be estim ated  from  
to w e r eddy covariance m easurem ents o f land-atm osphere carbon (CO2) exchange [Kergoat e t ai., 2008]. 
Tow er eddy covariance m easurem ent networks, inc lud ing  Flux N e tw ork  (FLUXNET) [Baidocchi e t ai., 2001], 
record CO2 fluxes and site-specific c lim ate  data, inc lud ing  incom ing  short wave rad ia tion , and prov ide  useful 
in fo rm a tion  fo r va lida ting  ecosystem  m odels and understand ing  terrestria l carbon budgets and underly ing  
environm enta l contro ls fo r d iffe ren t ecosystems [e.g.. Running e ta i., 1999; Yi e ta i., 2013]. LUEopt is expected 
to  be spatia lly  heterogeneous and low er than  the  theore tica l m axim um  rate (LUEmax) due to  o th e r lim iting  
ecosystem  m orpho log ica l and landscape constraints.
The ob jec tive  o f th is study is to  im prove  the accuracy o f satellite-based LUE m odel GPP pred ictions by 
im p lem en ting  a spatia lly  exp lic it estim ation  o f  LUEopt. We app ly  a regression m ode ling  approach using 
spatially contiguous landscape a ttribu tes and in situ tow e r eddy covariance-based GPP values and supporting
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biophysical m easurem ents to  estim ate LUEopt over a N orth  Am erican dom ain . A selection o f to w e r sites 
representing the m ajor N orth  Am erican biom es is used fo r estim a ting  LUEopt fto m  m ultiyea r observations at 
each to w e r site. A geostatistica l regression m odel is then  deve loped to  expla in the across-site va riab ility  in 
LUEopt using a set o f spatia lly  con tiguous p red ic to r variables, inc lud ing  general p lan t traits and landscape 
features. The LUEopt pred ic tions are evaluated against o th e r observation-based LUEopt values de te rm ined  
from  a set o f  independen t to w e r va lida tion  sites. The LUEopt pred ic tions are also used as prim ary inputs 
fo r sate llite  (MODIS) LUE m odel-based GPP pred ictions over the dom ain . The m odel GPP results are then  
eva lua ted  aga inst in d e p e n d e n t to w e r GPP data and baseline LUE m ode l s im u la tions de rived  using b iom e- 
specific  cons tan t LUEmax inputs.
2. Data and Methods
2.1. in Situ LUEopt Estimation
Sixty-tw o to w e r sites from  the FLUXNET La Thuile database [Baidocchi, 2008] were selected fo r th is study 
representing m ajor b iom es o f N orth  Am erica (see Table SI in the  supporting  in fo rm ation ). M ost o f the  to w e r 
sites selected had m ultiyea r (>2) da ily  values fo r GPP and surface m eteoro logy, w h ile  on ly  tw o  sites had a 
single year o f measurements. The to w e r eddy covariance m ethod  in trins ica lly  measures net ecosystem  CO2 
exchange (NEE), w h ile  GPP is es tim ated by app ly ing  a m odel to  the  eddy covariance m easurem ents to  
pa rtition  NEE in to  GPP and respiration com ponen ts  [S toye ta l., 2006; Lassiop e t a i,  2010]. O n ly the  best qua lity  
da ily  GPP data de te rm ined  from  to w e r eddy covariance measured NEE were selected. These data denoted  
as having th e  best q u a lity  co n tro l flag (qu a lity  c o n tro l = 1) are e ith e r o rig ina l data o r fille d  w ith  h igh 
confidence [Agarwal e ta i,  2010]. Daily global shortwave solar radiation measured at the tow e r sites was used to  
estim ate PAR, w hich represents approxim ate ly half o f  the  to ta l incom ing solar radiation [Zhao e t a i,  2005].
The to w e r LUEopt es tim a tion  was based on the assum ption th a t GPP atta ins a m axim um  da ily  rate (defined 
as >98%  o f the long -te rm  record) at some p o in t over the  m ultiyea r m easurem ent record, w here LUE and 
canopy photosynthesis are no t lim ited by one o r more environm enta l stress factors, including light, tem perature, 
o r m oisture lim ita tions [Kergoat et a i,  2008]. In o rder to  avoid the e ffect o f outliers, the  h igher 0.5% bin o f 
measurements was ignored. Thus, the upper 98-99.5%  bin o f daily GPP values th ro u g h o u t the m easurement 
years were sam pled, representing the  m axim um  estim ated da ily  GPP level (GPP^ax) fto m  each site record. 
For all days w ith  such criteria , LUE was de fined  as
LUE =  GPPmax/(PAR X  FPAR) (1)
using PAR derived  from  to w e r incom ing  short wave solar radiation m easurem ents and co located MODIS 
M O D I 5 FPAR (C5) retrievals [Myneni et al., 1999]. The MODIS 1 km resolution, 8  day FPAR data w ere ob ta ined  
from  the  Oak Ridge National Laboratory D istribu ted  Active Archive C enter (DAAC), w here MODIS land 
p roducts are available in a 7 x  7 km g rid  centered over ind iv idua l to w e r sites. The FPAR data were sam pled 
w ith in  3 X 3 km pixels overly ing the ind iv idua l to w e r sites, and on ly  the  h ighest-qua lity values (main a lgorithm  
used w ith  no saturation occurrence) were used. The FPAR data were spatia lly resam pled using the  MODIS 
1 km reso lu tion  g loba l land cover p ro d u c t [Friedi e t ai., 2010] to  ensure th a t all 3 x  3 km w indow s represented 
the same land cover type  as the local tow e r foo tp rin t. In order to  capture the tow e r foo tp rin t, the 3 x  3 km 
FPAR data were spatia lly  averaged fo r each 8  day tim e  step [Rahman, 2005], and tem pora l data gaps were 
filled  using the  long -te rm  MODIS FPAR 8  day c lim a to logy  [Kandasamy e t ai., 2013]. In o rde r to  produce da ily 
FPAR data consistent w ith  da ily  flux  to w e r GPP values, the  con tinuous 8  day FPAR record was in te rpo la ted  to  a 
da ily  tim e  step using sm oo th ing  splines [W ahba, 1975]. The FPAR data fo r each o f the  62 to w e r sites were 
tem po ra lly  m atched w ith  the local to w e r GPP and PAR observations.
The resulting mean da ily estim ated LUE in the de fined  m axim um  thresho ld  range from  equation (1) was used as 
the LUEopt value fo r each tow e r site and was analyzed w ith in  and am ong the m ajor representative North 
American b iom e types represented by the MODIS land cover classification and selected FLUXNET tow e r sites.
2.2. Modeling LUEopt Patterns
2.2.1. Explanatory Variables Influencing LUEopt Patterns
In o rder to  explain the spatial variab ility  o f LUEopt, a set o f  geospatial environm enta l data characterizing general 
canopy traits, climate, and landscape terrain characteristics assumed to  be im portan t forecosystem  productiv ity  
were considered (see Table 1). Plant traits were characterized by leaf n itrogen content, specific leaf area (SLA; leaf
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Table 1. List o f All the Data Sets Used for Predictive Modeling
Variables Abbreviation Geophysical Data Source
Landscape characteristics M0DIS-M0D12 Land cover types®'*^ Friedi et al. [2010]
M0DIS-M0D13 Maximum EVI Fluete et al. [2002]
MODIS-MOD44 Percent tree cover® Townshend et al. [2011 ]
Terrain DEM Elevation (m) 
Aspect eastness® 
Aspect northness
Farr et al. [2007]
Climate Biol 
Biol 2
Annual temperature (°C) 
Annual precipitation (mm)
Flijmans et al. [2005]
NOAH GLDAS Soil moisture®(kg m^^) Rodell et al. [2004]
Frozen days Average number of frozen days Kim and Kimball [2011 ] 
and Kim et al. [2012]
Plant traits SLA^
Leaf nitrogen content‘d
Specific leaf area 
Leaf nitrogen per dry mass®(%)
Kattge et al. [2011 ]
Height Global tree height (m) Simard et al. [2011 ]
Others Ecoregions Global Ecoregions Olson et al. [2001]
Stand Age North America stand age map Pan et al. [2011]
Denotes the variables used In the final model.
Land cover types based on University of Maryland scheme includes: Water, Evergreen Needleleaf Forest, Evergreen 
Broadleaf Forest, Deciduous Needleleaf Forest, Deciduous Broadleaf Forest, Mixed Forests, Closed Shrublands, Open 
Shrublands, Woody Savannas, Grasslands*, Croplands*, Urban and Built-Up, Barren and Sparsely Vegetated, and Unclassified.
‘̂ [Shipley, 1995,2002; Cornelissen, 1996; Cornelissen et al., 1996,2003, 2004; Atkin et al., 1997,1999; HIckler, 1999; Medlyn 
et al., 1999; Mezlane and Shipley, 1999; Pyankov et al., 1999; Fonseca et al., 2000; Shipley and Lechowicz, 2000; Nllnemets, 
2001; Shipley and Vu, 2002; Loveys et al., 2003; Ogaya and Pehuelas, 2003; Quested et al., 2003; Xu and Baidocchi, 2003; Diaz 
et al., 2004; Wright et al., 2004,2007; Cralne et al., 2005,2009; Flan et al., 2005; Bakker et al., 2005,2006; Kazakou et al., 2006; 
Preston et al., 2006; Cavender-Bares et al., 2006; Gamier et al., 2007; Campbell et al., 2007; Kleyer et al., 2008; Reich et al., 
2008, 2009; van Bodegom et al., 2008; Fyllas et al., 2009; Kattge et al., 2009; Penuelas et al., 2009; Poorter, 2009; Freschet 
et al., 2010; Laughlln et al., 2010; Messier et al., 2010; Ordonez et al., 2010; Onoda et al., 2011 ].
area d iv ided  by fo lia r d ry  mass, and tree height. A leaf n itrogen m ap (Figure SI in the  supporting
in form ation) was deve loped using 27,116 global in situ observations o f leaf n itrogen con ten t per dry mass 
available from  a g loba l p lan t tra it database [Kattge et al., 2011]. M u ltip le  observations at a g iven sam pling 
location were averaged to  obta in  a single value fo r each location, resulting in 3700 g lobal points from  w hich 
287 points were w ith in  North America. These data were later in terpolated over the spatial dom ain using universal 
kriging [Pebesma, 2004]. The SLA map (Figure S2 in the  supporting  in form ation) was derived from  the same 
database and sim ilar m ethodo logy but was de term ined from  154 sampling locations in North America ou t o f 
1759 global points. Tree he ight data were obta ined from  a global 1 km resolution map, o rig ina lly created from  
satellite ligh t de tection and ranging data from  the Ice, Cloud and land Elevation Satellite [Simard e t al., 2011 ].
Landscape features and terra in  w ere characterized by e levation, aspect, and canopy cover geospatia l data. 
Elevation was ob ta ined  from  a g loba l Shuttle  Radar Topography M ission-based d ig ita l e levation m ap (DEM) 
w ith  1 km spatial reso lu tion [Farr e t al., 2007]. Terrain aspect was derived from  the  DEM and converted  to  
d im ensionless east and no rth  facing units rang ing from  —1 to  1, w here fla t te rra in  is 0 , and 1 denotes 
m axim um  eastward and no rthw a rd  aspects [Zar, 1999].
Selected MODIS land products spanning the satellite record from  2000 to  2006 includ ing the M 0D12Q1 IGBP 
static (2004) land cover classification [Friedi e t al., 2010], MOD44 percent tree cover [Townshend et al., 2011 ], and 
MOD13A3 16day Enhanced Vegetation Index (EVI) products [Huete et al., 2002] were mosaicked to  make a 
single map fo r each p roduct over the  North Am erican dom ain. The m axim um  EVI was produced using the 
m axim um  recorded values fo r a pixel over the period o f record. Forest stand age was ob ta ined  from  Pan e t al. 
[2011], w h ich provides forest age map products at 1 km resolution fo r Canada and the  United States.
The long -te rm  average p rec ip ita tion  and tem pera tu re , mean annual frozen season, and surface soil m oisture 
were used to  characterize po ten tia l c lim ate  characteristics in fluenc ing  LUEopt. G lobal tem pera tu re  and 
p rec ip ita tion averages were ob ta ined  at 1 km spatial resolution from  the W orldC lim  database; these data are 
in te rpo la ted  from  47,554 and 24,542 g lobal w eather stations fo r p rec ip ita tion and tem perature, respectively 
[/-///meins e ffl/., 2005]. A g lobal ecoregion map was ob ta ined  from  the w orld  w ild life  fund  covering 867 land units 
o f d is tinc t biotas [Olson et al., 2001] and was used to  define c lim ate  zones by aggregating tem perature  and 
p rec ip ita tion w ith in  each ecoregion.
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The mean annual frozen season (days) from  2000 to  2006 was derived from  a consistent g lobal classification o f 
daily landscape freeze-thaw  status derived from  satellite passive m icrowave rem ote sensing [Kim and Kimball, 
2 0 M ;K lm e ta i.,  2012] and d is tr ib u te d  th ro u g h  th e  N ationa l Snow and Ice Data C enter DAAC. G lobal m o n th ly  
average layer one soil m ois tu re  data w ere o b ta in e d  fro m  the  G lobal Land Data A ss im ila tion  System 
(GLDAS), rep resenting  the  o u tpu ts  o f fo u r land surface m odels and e x te nd in g  fro m  1948 to  2010 [Rodell 
e t al., 2004]. The aggrega ted  m o n th ly  soil m ois tu re  data fro m  GLDAS at 0.25° ( -2 7  km) reso lu tion  w ere 
averaged and resam pled to  th e  baseline 1 km spatia l reso lu tion  geo g ra p h ic  p ro je c tio n  o f  th is  inves tiga tion  
using b ilinea r in te rp o la tio n .
2.2.2. Spatial Modeling of LUEopt
A generalized add itive  m odel (GAM) [Hastle et al., 1986; Wood, 2006] was used to  estim ate the spatial variab ility  
o f LUEopt across 45 FLUXNET tow e r sites having m ultiyear da ily carbon flu x  measurements The GAM describes 
the  re la tionsh ip  betw een tw o  o r m ore exp lanato ry variables and the  response variab le (LUEopt) by fitt in g  
add itive  and sm oothed  functions o f those exp lanato ry variables [Wood, 2006]. The GAM genera lly  adds 
nonparam etric  sm oothers to  the  param etric part o f  a genera lized linear m odel (GEM). This m odel can provide 
im p rovem en t over a GLM th ro u g h  the  add ition  o f approp ria te  sm oo th ing  functions [Gulsan et al., 2002]. 
The general m odel structure  fo llo w e d  by Wood [2006] is
9(A /) ~  X *6  +  f i  (X u) +  fz iX z i) +  fs iX s i) +  ••• (2)
w here p ,=  E (Vj) and Y-, fo llow s an exponentia l fam ily  d is tribu tio n . V) is the response variab le, X,* is the  ;th row  
o f the  m odel m atrix, 6 is the  corresponding  param eter ve c to r so th a t X,'d  is a linear fu n c tion  o f 6, and f-, is the 
;th sm oothed  fu n c tion  o f X  covariates.
The GAM was optim ized using stepwise variable selection by means o f Akaike in form ation criterion [Burnham  
and Anderson, 2002]. The spatially correlated residuals o f the best m odel e (s) (the stochastic part o f the model) 
were explained using a semivariogram m odel [Pebesma, 2004; H eng le ta l., 2009], based on the assumption tha t 
flux towers w ith  the same land cover type tha t are closer to  each o ther are more likely to  have sim ilar LUEopt 
values. The spatial con tinu ity  between pairs o f flux  towers was first exam ined using the empirical semivariogram:
w here n(h) is the  num ber o f pairs o f po in ts separated by ve c to r h, h,y = (h i,y , ^ 2/7 - •••) is the  vec to r o f
o rien ta tion  betw een sites I and j ,  and y,- is the  observed response at the  ;th location. A fte r ca lcu la tion o f the  
sem ivariogram , an iso trop ic  exponentia l variogram  m odel was fitte d
f o  h =  0
^  I £7 +  -  a) [1 -  e - m / r  ] h * 0
w here a > 0 , a ^ > a ,  and r> 0 ;  w here h is the  distance, a  is the  nugge t e ffect, is the  sill, and r  is the  range.
The fu ll m odel (regression krig ing) representing the  stochastic and sem ivariogram  d e te rm in is tic  term s was 
then  used fo r spatial p red ic tion  o f  LUEopt at 1 km reso lu tion  over the  N orth  Am erican dom ain  using the 
selected spatia lly  con tiguous exp lanatory variables (represented in Table 1) and was cross va lida ted  using 
tower-based LUEopt values fto m  a set o f 17 independent tow e r sites representing m ajor North American biomes 
(For the location o f test sites, refer to  Figure S4 in the supporting  in form ation).
2.3. Gross Primary Production Modeling
In o rde r to  assess po ten tia l ga in in GPP accuracy by using the  spatia lly  exp lic it LUEopt estimates, bo th  the 
pred icted LUEopt and the  M O D I 7 LUEmax values were used to  estim ate GPP and com pared against all tow e r flux 
measurement-based GPP records. The M O DI 7 a lgo rithm  [Running e ta l., 2004] was used fo r p red ic ting GPP at a 
daily tim e  step over a single year per tow e r site w ith  the  lowest fraction o f m issing values. Two sets o f GPP 
sim ulations were conducted  as follows:
GPPiuEopt =  (LUEopt X  fV P D  X  fT )  x  FPAR x  PAR (5)
GPPiuEmax =  (LUE^ax X  fV P D  X  fT )  X  FPAR X  PAR (6 )
w here  fV P D a n d  fTa re  va p o r pressure d e fic it and  tem p e ra tu re  scalars th a t reduce LUEmaxand LUEopt under 
subop tim a l co n d itio ns  th a t vary by land cove r type  [Zhao e t al., 2005]. The da ily  m eteo ro log ica l inpu ts
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Figure 1. Location of all FLUXNET tower sites used In this Investigation and the relative magnitudes of estimated LUEopt 
(g CMJ^^) for each site, overlain on the M0DIS-M0D17 maximum light use efficiency (LUEmax) values based on MODIS 
(M0D12Q1) IGBP land cover classes, Including OSH (Open Shrubland), GRA (Grassland), CRO (Croplands), ME (Mixed Forest), 
DNF (Deciduous Needleleaf Forest), DBF (Deciduous Broadleaf Forest), SA (Savanna), WSA (Woody Savanna), EBF 
(Evergreen Broadleaf Forest), and CSFI (Closed Shrubland).
(VPD, T, and PAR) w ere d e rived  fro m  to w e r site level m easurem ents, w h ile  da lly  FPAR was o b ta ine d  from  
the  MODIS M O D I 5 FPAR (C5) p roduc t. The M O D I 7 BPLUT fo r th e  VPD and T scalars Is sum m arized  In 
Table S3 In the  su p p o rtin g  In fo rm a tion .
3. Results
3.1. LUEopt Estimation for Selected Tower Sites
LUEopt derived  by app ly ing  the  LUE m odel In equation  (1) range from  0.28 to  2.82 (g C MJ^^) fo r to w e r sites 
representing the  d iffe re n t land cover types. Shrubland sites have the  low est LUEopt (0.508±0.01), w h ile  
crop land  sites have the  h ighest LUEopt rates o f the nine m ajor N orth  Am erican land cover and p lan t 
func tiona l types represented. The estim ated to w e r LUEopt results show h igh spatial va riab ility  bo th  w ith in  
and am ong b iom e types (Figures 1 and 2), w h ile  croplands have the  h ighest range o f LUEopt spatial variab ility . 
The LUEopt results are sum m arized fo r Ind iv idual to w e r sites In Table SI In the  supporting  In fo rm ation .
Comparison o f average LUEopt values fo r each land cover type derived from  this study w ith  the blom e-speclfic 
constant LUEmax values used In the MODIS M 0D 17 LUE a lgorithm  [Running et al., 2004] shows relatively large 
d ifferences In these param eters fo r sim ilar land cover types (Table 2). The M O DI 7 a lgo rith m  prescribes much 
low er o p tim u m  LUE rates fo r croplands, deciduous broad lea f forest, grasslands, and m ixed forest p lant 
func tiona l types than the  es tim ated mean LUEopt rates Inferred from  the  to w e r GPP values. Im p ly ing  tha t 
M O D I 7 underestim ates GPP fo r these land cover types (at least under near o p tim a l cond itions); the  largest 
LUE d ifferences occur fo r croplands, w here the LUEopt results are app rox im a te ly  2.5 tim es larger than  M O D I 7. 
The prescribed M O D I 7 LUEmax rates are also low er than  the  low er 95th percentile  o f tow er-estim a ted  LUEopt 
rates fo r c rop land  (1.04 versus 1.77g C MJ^^), grassland (0.86 versus 0.91 g C MJ^^), and deciduous b road leaf 
fo rest (1.16 versus 1 .29gC M J^^), w h ich  are three Im po rta n t b iom es th a t cover =20%  o f the  to ta l area 
(and =1 /3  o f  the  vege ta ted  area) o f the  study dom ain . In contrast, M O D I 7 LUEmax is approx im a te ly  2.5 tim es 
h igher than  the  upper 95th percentile  o f  LUEopt fo t  closed shrublands (1.28 versus 0.53 g CM J^^).
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3.2. LUEopt Prediction Over 
the North American Domain
The best GAM used to  derive LUE, 
based on Its p red ic tive  pow er (root- 
m ean-square  e rro r (RMSE)) in 
es tim a ting  LUEopt fto m  the to w e r test 
sites, used land cover type  (grasslands 
and croplands), leaf n itrogen con ten t, 
soil m oisture, percent tree cover, and 
terra in  aspect eastness coeffic ients. 
The m odel showed an ad justed o f 
68.2% w ith  an associated RMSE o f 
0.22 g C MJ^^ fo r the  to w e r tra in ing  
s ite -derived LUEopt values. The GAM 
used a linear re lationsh ip  betw een 
all covariates except soil m oisture, 
w h ich showed a non linear relationship 
(F igure S6  in th e  s u p p o rtin g  
in fo rm a tion ) w ith  to w e r observation- 
d e rive d  LUEopt. The fu ll m ode l 
(co m b in a tio n  o f  GAM and k rig in g  
o f  residuals) increased th e  GAM 
accuracy in exp la in ing  LUEopt spatial 
va riab ility  am ong the  to w e r tra in ing  
sites {R^ = 88 .6%, RMSE = 0.15 g CM J^'') 
and va lidation  sites {R^ = 91.1 %, RMSE 
o f 0.22  g C M J ^^ ), so th a t 8 8 .6% o f 
th e  variance across all sites (tra in ing  
and va lid a tio n ) was exp la ined  
(RMSE = 0 .1 7 g C M J ^ '')  (Figure 3). As 
ind ica ted  by Kergoat e t al. [2008], leaf n itrogen  co n ten t was the  m ost im p o rta n t fac to r exp la in ing  spatial 
va riab ility  in LUEopt, accounting  fo r 43%  o f the observed spatial va riab ility  across all to w e r sites ( p <  0.0001) 
(Figure S5 in th e  su p p o rtin g  in fo rm a tio n ). Surface soil m ois tu re  was the  next m ost im p o rta n t factor, 
accoun ting  fo r  19% ( p <  0.0001) o f LUEopt va riab ility . A m ong  land cove r types, o n ly  grassland and 
crop land  iden tifie rs  w ere s ign ifican t in e xp la in ing  LUEopt v a ria b ility  be tw een  sites ( p < 0.01 and 
p <  0.0001, respective ly) and w ere used in th e  f it te d  GAM (GAM coe ffic ien ts  o f  th e  covaria tes are 
sum m arized in Table S2 in the  su p p o rtin g  In fo rm a tion ). The resu lting  m ode l p red ic tions  show ed th a t 
LUEopt fo r the  th ree  tra in ing  crop land  sites were underestim ated  by 11% com pared to  the  tow er-es tim ated  
LUEopt fo r these sites.
OSH ENF CRO GRA MF WSA DBF EBF OSH 
Land cover type
Figure 2. Box plot o f estimated tower LUEopt (g CMJ^^) representing different 
land cover (MODIS M0D12Q1) types for 62 FLUXNET sites having multiyear 
data records that were used in this study. Each symbol (black circles) represents 
an individual tower site grouped by land cover class; the numbers above each 
box plot denote the number of tower sites representing the specified land 
cover class, including OSH (Open Shrubland), ENF (Evergreen Needleleaf 
Forest), CRO (Croplands), GRA (Grassland), MF (Mixed Forest), WSA (Woody 
Savanna), DBF (Deciduous Broadleaf Forest), EBF (Evergreen Broadleaf Forest), 
and CSH (Closed Shrubland); and the asterisk denotes MODI 7 maximum light 
use efficiency (LUEmax) values (gCMJ^^) for each land cover type.
Table 2. Comparison of Biome Average and Spatial Standard Deviation of Estimated LUEopt (9 C MJ^ ) From This Study 
and the Prescribed Biome-Specific LUEmax Values Used in the MODIS MODI 7 Operational Algorithm and GPP Product for 
North American Land Cover Types With the Greatest Proportional Coverage Over the Study Domain
Land Cover Area (%) LUEopt (This Study) LUEmax (MODI7)
Open Shrubland (OSH) 27.86 0.631 ±0.37 0.841
Evergreen Needleleaf Forest (ENF) 12.16 0.835 ±0.24 0.962
Cropland (CRO) 10.86 2.201 ±0.66 1.044
Grassland (GRA) 7.81 1.294 ±0.32 0.86
Mixed Forest (MF) 6.94 1.171 ±0.23 1.051
Woody Savanna (WSA) 5.53 0.983 ±0.20 1.239
Deciduous Broadleaf Forest (DBF) 1.98 1.453 ±0.14 1.165
Evergreen Broadleaf Forest (EBF) 1.50 0.980 ±0.21 1.268
Closed Shrubland (CSH) 0.50 0.508 ±0.01 1.281
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The p red ic te d  LUEopt m ap fo r the  
N orth Am erican dom ain  is de fined  at 
1 km spatial resolution consistent w ith  
the  MODIS land cover classification 
Inputs and shows that, as expected, 
areas o f Intense agricu lture have the 
highest regional LUEopt (Figure 4a). 
The m odel predictions also show tha t 
the  largest relative p red ic tion  error Is 
associated w ith  regions w here there 
were on ly  a lim ited  num ber o f tow er 
sites available fo r m odel deve lopm ent 
(Figure 4b). These areas are generally 
c ropland regions (Figure 1).
3.3. GPP Modeling Improvements
Predicted LUEopt at the tow e r sites was 
used as an ancillary Input to  the 
M O DI 7 LUE a lgorithm  In place o f a 
prescribed LUEmax fo r each b iom e type 
to  estimate dally GPP at each site; the 
GPP simulations were conducted at 
each site over one specific year having 
the longest available tow er GPP record. 
The resulting dally GPP estimates 
derived using LUEopt (GPPiuEopt) estim ation were evaluated against Independent tow er GPP values and dally GPP 
estimates determ ined using prescribed LUEmax constants (GPPLUEmax) fm m  the M O DI 7 algorithm . Tower site 
comparisons between LUEopt and MODI 7 LUEmax and the resulting annual GPP simulations are summarized In 
Figures 5a and 5b. These results Indicate tha t the use o f a spatially explicit LUEopt inpu t dram atically Improves 
GPP estim ation accuracy relative to  the tow er data and baseline MODI 7 calculations derived from  blome- 
prescrlbed LUEmax constants. A list o f sites used fo r validation and associated summ ary o f annual GPP results for
1 1.5 2 2.5 3
Predicted LU Eopt (g C MJ"‘)
Figure 3. The relationship between model-predicted and tower-estimated 
LUEopt (g C MJ^^) for all FLUXNET sites represented In this study. The pre­
dicted LUEopt values account for 88.6% (R̂ ) o f spatial variability In tower 
GPP, with associated RMSE differences of 0.17g C M J ^ \
(a)
80 -
60 -
40 -
20  -
lOO'W
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Optimum light use efficiency {g C M J")
Figure 4. (a) Predicted map of LUEopt (gCMJ^ ) for the North American domain, encompassing all vegetated land areas. Croplands have the highest estimated 
LUEopt, with generally lower LUEopt levels at higher latitudes and elevations. Gray shading denotes mean LUEopt variability by latitude and longitude; latitudinal 
means range from 0.2 to 1.6 (g CMJ ^), and longitudinal means range from 0.2 to 1.2 (g C (b) Map of the model standard error as a proportion (percentage) 
o f the predicted LUEopt; greater relative model uncertainty occurs over regions with sparse tower data.
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Figures. Comparison of annual GPP (g C yr^  ) estimated from daily LUE model simulations using (a) LUEopt and (b) baseline-prescribed LUEmax inputs relative 
to tower GPP from all the 62 tower sites and 17 independent tower test sites (inset); the symbols denote the dominant land cover type of each tower site, while 
symbol colors denote the magnitude of LUEopt and LUEmax used to estimate GPP.
each tow er site and m odel are presented in Table S4 in the supporting in form ation. The RMSE difference 
between GPPLUEopt and the tow er data was 257g C m ^^y r^^  fo r all 62 tow er sites, w hich represented a 41% 
im provem ent in m odel performance relative to  the baseline MODI 7 GPPLUEmax calculations (RMSE:
439g C m ^ ^ y r ^ Y  The m odel results fo r the independent tow e r validation sites also indicate that the LUEopt 
inputs provide more accurate simulations o f observed annual GPP spatial variab ility com pared to  the baseline 
M ODI 7 simulations, accounting fo r more than 4 times as much observed GPP variab ility  (/?̂  o f 64.2% versus/?^ o f 
14.8%). For both sets o f simulations, we used local tow er m eteorological data, including incom ing shortwave 
solar radiation, a ir tem perature, and MODIS FPAR inputs, and the on ly  differences were the baseline LUEmax and 
m odel-predicted LUEopt inputs to  the LUE m odel GPP calculations.
The m odel GPP results show tha t fo r all land cover types represented, the predicted LUEopt inputs produce more 
accurate predictions o f ecosystem GPP (Table 3) relative to  the use o f prescribed biome-specific LUEmax constants 
in the baseline M ODI 7 simulations. The seasonal progression o f estim ated daily GPP derived from  alternative
Table 3. Comparison Between Modeled Gross Primary Production and Tower Eddy Covariance Measurement-Based GPP 
for the North American Land Cover Types Represented in This Study®
GPP-LUEopt GPP-LUEmax
Land cover type /,2d RMSE^ mean residual error (MRE)*® /,2d RMSE^ MRE*®
Open Shrubland (OSH) 0.34 177 -139 0.09 299 142
Evergreen Needle Leaf Forest (ENF) 0.60 308 -1 9 0.39 412 144
Cropland (CRO) 0.75 233 202 0.80 733 -555
Grassland (GRA) 0.93 158 -9 9 0.94 270 -30 7
Mixed Forest (MF) 0.72 238 24 0.08 399 -12 4
Woody Savanna (WSA) - 20 -1 7 - 325 270
Deciduous Broadleaf Forest (DBF) 0.66 223 -61 0.52 406 -38 0
Evergreen Broadleaf Forest (EBF) - 443 -304 - 567 145
Closed Shrubland (CSH) - 245 -243 - 600 331
For all land cover types, GPP is modeled using LUEopt inputs and shows improvements over the baseline MODI7
simulations derived using prescribed LUEmax inputs.
MRE (mean residual error).
“̂ RMSE (root-mean-square error).
The hyphen (-) denotes only two tower sites representing the land cover type.
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Figure 6. Seasonal comparison of tower daily GPP and corresponding model-simulated GPP using baseline-prescribed 
LUEmax inputs and alternative LUEopt inputs to the MODI 7 LUE algorithm for selected FLUXNET validation sites representing 
CSH (Closed Shrubland), ENF (Evergreen Needleleaf Forest), CRO (Croplands), and GRA (Grassland) land cover types. For 
northern latitudes and shrublands, MODI 7 LUEmax is higher than LUEopt, resulting in GPPLUEmax overestimation of GPP 
for CSH and ENF. For CRO and GRA, GPPLUEmax is lower than GPPLUEopt and tower GPP. GPPLUEopt shows overall better 
accuracy than GPPLUEmax against the tower GPP records.
LUEopt and LUEmax inputs is presented in Figure 6  fo r fou r selected tow er sites representing the m ajor North 
American b iom e types, based on having the largest aerial coverage w ith in  the dom ain and representing 
shrubland, evergreen needleleaf forest, cropland, and grassland biome types. The prescribed LUEmax inputs from  
the MODI 7 operational a lgorithm  are generally h igher than the average estimated LUEopt values fo r closed 
shrubland and evergreen needleleaf forest and lower fo r cropland and grasslands, while  LUEopt levels from  this 
investigation are generally independent o f  land cover type and exh ib it large spatial variability. Overall, the  use o f 
alternative LUEopt inputs leads to  58.5% lower RMSE differences and 42.9% higher daily /?̂  correspondence 
against the  tow er data and relative to  the LUEmax-based GPP simulations at the  tow er sites.
4. Discussion
The to w e r analysis showed th a t LUEopt is spatia lly  heterogeneous w ith in  ind iv idua l land cover types and 
across the  landscape. The largest LUEopt va riab ility  was w ith in  croplands, w h ich  also showed the  h ighest 
LUEopt com pared  to  o th e r land cover types. Previous studies have shown th a t LUEmax is underestim ated 
fo r Maize and Soybean in the MODIS M O D I7 a lgo rith m  [Xin e ta l., 2013], and a crop land  fie ld  s tudy showed 
th a t LUEmax o f Maize can be as h igh as 3.84 g C MJ^^ [Lindquist e t al., 2005].
Spatial m odeling  o f tow er-estim ated LUEopt facilita ted GAM-based estim ation o f  LUEopt regional patterns across 
North America. Am ong the factors in fluencing LUEopt patterns, percent tree cover as a surrogate fo r vegetated 
area was positively associated w ith  LUEopt. Terrain aspect as a surrogate fo r solar illum ina tion  and m icroclim ate 
(air tem perature  and precip ita tion) has the  lowest im pacts as pred ic to r variables in our model. O ur results 
also h igh ligh t the im portance o f  soil m oisture and leaf n itrogen con ten t in de term in ing  LUEopt patterns. Leaf
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nitrogen content, because o f Its relatlonship w ith  rublsco and photosynthetic capacity, Is an Im portant factor 
de term in ing  p lant productiv ity . The availab ility  o f  large databases fo r p lant traits [Kattge eta l., 2011] provided a 
un ique o p p o rtu n ity  to  include  leaf n itrogen  co n ten t data in the LUEopt p red ic tion  m odel. Leaf tra its such as 
leaf n itrogen  co n ten t and SLA can be tem po ra lly  dynam ic  in response to  seasonal canopy changes, stand 
age, and d is tu rbance recovery [Parolin et al., 2002; Nouvellon e t al., 2010], a ffec ting  canopy pho tosyn the tic  
capacity, lig h t use effic iency, and GPP, and o thers have shown th a t canopy N  can expla in a substantia l 
am oun t o f va ria tion  in p ro d u c tiv ity  from  m inu te  to  year scales [Kergoat e t al., 2008; O lllnger e ta l., 2008;Relch, 
2012]. O ur investiga tion  focus was on estim a ting  spatial patterns in LUEopt using lim ited  g round  observations 
o f general leaf traits, w h ile  the  e ffects o f tem pora l leaf tra it varia tions on LUEopt and associated GPP 
calcu lations were no t exp lic itly  represented and require fu rth e r investiga tion . Some a ttem pts  have been 
made to  in fe r LUE by estim a ting  leaf n itrogen  o r ch lo rophy ll co n ten t using rem ote sensing [e.g., Grace et al., 
2007; Goerner e t al., 2009; Frankenberg et al., 2011; Schlemmer e t al., 2013], w h ich  is expected to  im prove  
g lobal ecosystem p roductiv ity  estim ation. However, the general m ethods and leaf tra it data used in this study, 
includ ing leaf n itrogen, show prom ising results fo r spatially continuous estim ation o f LUEopt, and im proved 
estim ation o f  GPP spatial and tem pora l dynamics.
The GAM results showed th a t a static land cover classification was on ly  useful w hen grassland and cropland 
classes were considered as independent predictors o f LUEopt spatial variab ility. The covariates used in this study 
were also generally insuffic ient fo r expla in ing LUEopt spatial va riab ility  w ith in  cropland and grassland areas due 
in part to  sparse tow e r representation o f grassland and cropland heterogeneity. These results also im p ly  the 
need fo r testing o the r covariates, inc lud ing tem pora lly  dynam ic land cover (e.g., maize and soybean rotation) 
and irrigation regim e inputs, as potentia l explanatory variables in these areas. However, despite the fact th a t our 
m odel underestim ated LUEopt fo r these sites (Figure 3), GPP estim ation accuracy was significantly im proved 
using estim ated LUEopt com pared to  baseline LUEmax inputs to  the M O D I7 a lgorithm .
In this study, w e used a lim ited  num ber o f p red ic to r variables reported to  have an im p orta n t role in the  carbon 
uptake capacity o f  ecosystems to  pred ict LUEopt at regional scales. O ther factors such as g roundw ate r storage 
and soil chem istry also influence p lant photosynthesis and may provide add itiona l landscape characteristics fo r 
estim ating LUEopt and p roductiv ity . A dd itiona lly , uncerta in ty associated w ith  the covariates used in the  spatial 
regression m odel likely has a negative im pact on LUEopt and GPP accuracy. The m odel predictions and 
va lida tion activities from  this study were also derived from  a relatively sparse North Am erican tow e r observation 
ne tw ork tha t may not fu lly  capture the range o f va riab ility  in regional vegeta tion  and clim ate  patterns. Despite 
these lim ita tions and uncertainties, our m odel results produce regional patterns o f  LUEopt w ith  favorable 
accuracy th a t enhanced th e  accuracy o f h ighe r-o rd e r GPP s im u la tions fro m  a sate llite  da ta -d riven  LUE 
a lg o rith m . These fin d in g s  and the  g loba l a va ila b ility  o f  s im ila r p lan t tra its  in fo rm a tio n  and geospatia l data 
requ ired  fo r m ode l e x tra p o la tio n  im p ly  th e  po ten tia l fo r  s im ila r g loba l m app ing  o f  LUEopt u tiliz in g  m ore 
extensive p la n t tra it and  to w e r (FLUXNET) m easurem ent records ava ilab le  from  g loba l ne tw orks  and 
spanning  a b roader range o f  g loba l b iom es. New g loba l b iophysica l data from  next genera tion  satellite 
sensors may also lead to  be tte r LUEopt and GPP pred ictions; these new  observations include  canopy 
fluorescence, landscape freeze-thaw , and soil m oisture  dynam ics from  the  NASA O rb iting  Carbon 
O bservatory 2 and Soil M oisture Active Passive m issions th a t may prov ide  near d irec t measures o f LUE and 
u nderly ing  en v iro n m e n ta l con tro ls . LUEopt also like ly  varies te m p o ra lly  w ith  changes in ve g e ta tio n  and 
en v iro n m e n ta l co nd itions , whereas th is  s tudy o n ly  prov ides sta tic m ap o f  LUEopt fto m  lim ite d  to w e r 
obse rva tions and spa tia lly  coarse geophysica l data. Future research and new  sate llite  observa tions may 
enable  tem p o ra l m od e lin g  o f  LUEopt w h ile  also cons ide ring  land cover change and d is tu rbance  recovery 
im pacts. This is especia lly im p o rta n t fo r c rop land  regions w ith  annua l ro ta tio n  o f  C4 and C3 crops.
Here ou r prim ary focus was on p red ic ting  op tim a l lig h t use effic iency, w h ile  LUEopt p red ic tions was used fo r 
enhancing GPP estim ation  accuracy relative to  using prescribed b iom e LUEmax constants in the  M O D I 7 LUE 
m odel. The M O D I 7 a lgo rith m  fo r GPP m ode ling  on ly  accounts fo r VPD and a ir tem pera tu re  as d irec t da ily 
stressor factors. Even th o ug h  GPPLUEopt showed im proved  accuracy over the GPPLUEmax estim ates and 
relative to  the  to w e r GPP data, the  rem ain ing unexpla ined variance betw een the  m odel p red ic tions and 
to w e r GPP values im p ly  tha t add itiona l env ironm enta l factors are needed to  fu rth e r im prove  m odel accuracy 
(Figure 6 ); the  app lica tion  o f  add itiona l dynam ic  stressor factors such as freeze-thaw  and soil m oisture status 
may im prove  the seasonality o f LUE-modeled GPP [K im ball e t al., 2009].
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In sum m ary, ou r results showed th a t the  spatial va riab ility  In LUEopt betw een sites and w ith in  Ind iv idual 
b iom e types should no t be Ignored. The LUEopt pred ic tions from  th is study led to  a 42.9% Im provem en t In 
LUE m odel and tow e r GPP correspondence. The LUEopt retrievals show large spatial variab ility  tha t Is largely 
Independent from  the static land cover classification data, and even though  the  current study dom ain  was 
lim ited  to  N orth  Am erica, the po ten tia l exists fo r ex trapo la ting  these m ethods to  a g loba l dom a in  using a 
larger g loba l to w e r ne tw o rk  [Baidocchi, 2008] and p lan t traits database [Kattge e ta l., 2011]. Spatially exp lic it 
LUEopt data derived  from  general landscape characteristics and p lan t tra its In fo rm a tion , and associated 
Im provem ents In GPP estim a tion  accuracy, should p rom o te  be tte r understand ing  o f  terrestria l carbon sinks 
and sources and b iospheric capacity fo r m itig a tio n  o f the  hum an carbon fo o tp rin t.
Acknowledgments
This s tudy  was conducted w ith  fund ing  
p rov ided by the  National Aeronautics 
and Space A dm in is tra tion  (NASA) Earth 
Science program  (NNX11AD46G, 
NNX09AP52G). The s tudy has been 
supported by th e  TRY in itia tive  on p lant 
tra its (h ttp ://w w w .try -d b .o rg ). The TRY 
in itia tive  and database is hosted, deve l­
oped, and m ainta ined by J. Kattge and 
G. Bonisch (Max Planck Institu te  fo r 
B iogeochem istry, Jena, Germany). TRY 
is/has been supported by DIVERSITAS, 
IGBP, the  G lobal Land Project, th e  UK 
Natural Environm ent Research Council 
th rough its program  QUEST (Quantifying 
and Understanding the  Earth System), 
the  French Foundation fo r Biodiversity 
Research, and GIS "Clim at Environnem ent 
e t Societe," France. This w o rk used eddy 
covariance data acquired by the FLUXNET 
co m m u n ity  and in particu lar by the 
fo llo w in g  networks: Am eriF lux (U.S. 
D epartm ent o f  Energy, Biological and 
Environm enta l Research, Terrestrial 
Carbon Program (DE-FG02-04ER63917 
and DE-FG02-04ER63911)), Fluxnet- 
Canada (supported by CFCAS, NSERC, 
BIOCAP, Environm ent Canada and 
NRCan). W e acknow ledge th e  financia l 
supp o rt to  the  eddy covariance data 
harmonization provided by CarboEuropelP, 
FAG-GTOS-TCG, iLEAPS, Max Planck 
Institu te  fo r B iogeochem istry, National 
Science Foundation, U n iversity o f 
Tuscia, Universite Laval, Environm ent 
Canada and U.S. D epartm ent o f  Energy 
and th e  database deve lopm en t and 
technical supp o rt from  Berkeley W ater 
Center, Lawrence Berkeley National 
Laboratory, M icrosoft Research eScience, 
Oak Ridge N a tiona l Labora tory, 
University o f  Ca liforn ia -B erke ley and 
the  University o f  V irg inia.
References
Agarwal, D. A., M. Hum phrey, N. F. Beekwilder, K. R. Jackson, M. M. Goode, and C. Van Ingen (2010), A data-centered co llabora tion  porta l to  
supp o rt g loba l carbon-flux analysis. Concurrency Computat.: Proct. Exper., 22(17), 2323-2334, do i:10.1002/cpe.1600.
Ahl, D. E., S. T. Gower, D. S. Mackay, S. N. Burrows, J. M. Norm an, and G. R. Diak (2004), H e terogene ity  o f  lig h t use effic iency in a northern  
W isconsin forest: Im plications fo r m ode ling  ne t p rim ary p roduction  w ith  rem ote  sensing. Remote Sens. Environ., 93(1 -2 ), 168-178, 
do i:10.1016/j.rse.2004.07.003.
Atkin, G. K., M. Schortemeyer, N. McFarlane, and J. R. Evans (1999), The response o f fast- and slow-growing Acacia species to  elevated atmospheric 
CG2 : An analysis o f  the  underly ing  com ponents o f re lative g row th  rate, Oecoiogio, 720(4), 544-554, doi:10.1007/s004420050889.
A tkin , G., M. W estbeek, M. L. C am bridge, H. Lambers, and T. L. Pons (1997), Leaf respiration in lig h t and darkness (a com parison o f  slow-and 
fast-g row ing  Poa species). Plant Physiol., 7 73, 961 -965 .
Bakker, C., J. Rodenburg, and P. M. van Bodegom  (2005), Effects o f  Ca- and Fe-rich Seepage on P A va ilab ility  and Plant Perform ance in 
Calcareous Dune Soils, Plant Soil, 275(1 -2 ), 111-122, doi:10.1007 /s11104-005-0438-1.
Bakker, C., P. M. Van Bodegom , H. J. M. Nelissen, W. H. G. Ernst, and R. Aerts (2006), Plant responses to  rising w a ter tables and nu trien t 
m anagem ent in calcareous dune  slacks. Plant Ecol., 785(1), 19-28, do i:10.1007 /s11258-005-9080-5.
Baidocchi, D. (2008), TURNER REVIEW No. 1 5 .'B re a th in g 'o f th e  terrestria l biosphere: Lessons learned from  a g loba l ne tw o rk  o f carbon d iox ide 
f lu x  m easurem ent systems, Aust. J. Bot., 56(1), 1 -26.
Baidocchi, D., e ta l. (2001), FLUXNET: A new  too l to  s tudy th e  tem pora l and spatia l va riab ility  o f  ecosystem-scale carbon d ioxide, w a ter vapor, 
and energy f lu x  densities. Bull. Am. Meteorol. Soc., 82, 2415-2434, do i:10.1175/1520-0477(2001).
Bartlett, D. S., G. J. W h iting , and J. M. Hartm an (1989), Use o f  vege ta tion  indices to  estim ate indices to  estim ate in tercepted solar radia tion 
and ne t carbon d iox ide  exchange o f  a grass canopy. Remote Sens. Environ., 30(2), 115-128.
Beer, C., e t al. (2010), Terrestria l gross carbon d iox ide  uptake: G lobal d is tr ibu tion  and covaria tion w ith  clim ate. Science, 329(5993), 834-8 , 
do i:10.1126/science.1184984.
Burnham, K. P., and D. R. Anderson (2002), Model Selection and  M ultim odel Inference: A Practical Information-Theoretic Approach, Springer, New York.
Campbell, C., L. A tkinson, J. Zaragoza-Castells, M. Lundm ark, G. A tkin , and V. H urry (2007), A cclim ation o f  photosynthesis and respiration is 
asynchronous in response to  changes in tem pera tu re  regardless o f p lan t func tiona l g roup. New Phytol., 776(2), 375-389, doi:10.1111/ 
J.1469-8137.2007.02183.X.
Cavender-Bares, J., A. Keen, and B. Miles (2006), Phylogenetic structure  o f flo rid ian  p lan t com m unities depends on taxonom ic  and spatial 
scale. Ecology, 87(7), SI 09-5122, doi:10.2307/20069161.
Cornelissen, J. (1996), An experim enta l com parison o f  lea f decom position  rates in a w ide  range o f  tem pera te  p lan t species and types, 3. Ecol., 
84(4), 573-582.
Cornelissen, J. H. C., B. Cerabolini, P. Castro-Diez, P. Villar-Salvador, G. M ontserrat-M arti, J. P. Puyravaud, M. Maestro, M. J. A. Werger, and 
R. Aerts (2003), Functional traits o f  w o ody plants: Correspondence o f  species rankings between fie ld  adults and laboratory-grown seedlings?, 
J. Veg. Sci., 74(3), 311 -322, doi:10.1111/J.1654-1103.2003.tb02157x
Cornelissen, J. H. C, H. M. Quested, D. Gwynn-jones, R. S. P. Van logtestijn, M. A. H. De beus, A. Kondratchuk,T. V. Callaghan, and R. Aerts (2004), 
Leaf d iges tib ility  and litte r decom posability  are related in a w ide  range o f  subarctic p lan t species and types, Funct. Ecol., 78(6), 779-786, 
doi:10.1111 /J.0269-8463.2004.00900j<.
Cornelissen, J., P. Diez, and R. Hunt (1996), Seedling g row th , a llocation and lea f a ttribu tes in a w ide  range o f  w o ody  p lan t species and types, 
J. Ecol., 84(5), 755-765.
Craine, J. M., W. G. Lee, W. J. Bond, R. J. W illiams, and L. C. Johnson (2005), Environm ental constra ints on a g loba l re la tionsh ip  am ong leaf and 
roo t tra its o f  grasses. Ecology, 86(1), 12-19, do i:10.1890/04-1075.
Craine, J. M., e t al. (2009), G lobal patte rns o f  fo lia r n itrogen  isotopes and the ir relationships w ith  c lim ate, m ycorrhizal fung i, fo lia r nu trien t 
concentrations, and n itrogen  availab ility . New Phytol., 783(4), 980-992.
Diaz, S., e t al. (2004), The p lant traits tha t drive ecosystems: Evidence from  three continents, 3. Veg. Sci., 75(3), 295-304, doi:10.1658/1100-9233 
(2004)015[0295:TPTTDE]2.0.CG;2.
Farr, T., P. Rosen, and E. Caro (2007), The shu ttle  radar top o g ra p h y  m ission. Rev. Geophys., 45, RG2004, doi:10.1029/2005RG000183.
Fonseca, C. R., J. M. G verton, B. Collins, and M. W estoby (2000), Shifts in tra it-com b ina tions  a long rainfall and phosphorus gradients, 3. Ecol., 
88(6), 964-977, doi:10.1046/j.1365-2745.2000.00506j<.
Frankenberg, C., e t al. (2011), New g loba l observations o f th e  terrestria l carbon cycle from  GGSAT: Patterns o f p lan t fluorescence w ith  gross 
prim ary p roductiv ity , Geophys. Res. Lett., 38, LI 7706, do i:10.1029/2011GL048738.
Freschet, G.T., J. H. C. Cornelissen, R. S. P. van Logtestijn, and R. Aerts (2010), Evidence o f  the  "p lan t econom ics spectrum " in a subarctic flora, 
3. Ecol., 98(2), 362-373, doi:10.1111/ j.1365-2745.2009.01615.x.
Friedi, M. A., D. Sulla-Menashe, B. Tan, A. Schneider, N. Ramankutty, A. Sibley, and X. Huang (2010), MGDIS Collection 5 g loba l land cover: 
A lgo rithm  re finem ents and characterization o f  new datasets. Remote Sens. Environ., 7 74(1), 168-182, doi:10.1016/j.rse.2009.08.016.
Fyllas, N. M., e t al. (2009), Basin-wide varia tions in fo lia r p roperties o f  Am azonian forest: Phylogeny, soils and clim ate. Biogeosciences, 6, 
2677-2708, doi:10.5194/bg-6-2677-2009.
Gamier, E., e t al. (2007), Assessing th e  effects o f  land-use change on p lan t tra its, com m un ities and ecosystem fu n c tion ing  in grasslands:
A standardized m e th odo logy  and lessons from  an app lica tion  to  11 European sites, Ann. Bot., 99(5), 967 -85 , doi:10.1093/aob/m cl215.
MADANI ETAL ©2014. Am erican Geophysical Union. All Rights Reserved. 12
^ A G U  Journal of Geophysical Research: Blogeosclences 10.1002/2014JG002709
Goerner, A., M. Reichstein, and S. Rambal (2009), Tracking seasonal d ro u g h t effects on ecosystem lig h t use effic iency w ith  satellite-based PRI 
in a M editerranean forest. Remote Sens. Environ., 173(5), 1101-1111, doi:10.1016/j.rse.2009.02.001.
Goetz, S. J., and S. D. Prince (1996), Remote sensing o f  ne t p rim ary p roduction  in boreal fo rest stands, Agr/c. For. Meteorol., 78(3-4), 149-179, 
do i:10.1016/0168-1923(95)02268-6.
Gower, S.T.,C. J.C. Kucharik,and J. J. M. Norm an (1999), D irect and Ind irect Estim ation o f  Leaf Area Index, f  APAR, and Net Primary Production 
o f  Terrestria l Ecosystems, Remote Sens. Environ., 4257{99), 29-51.
Grace, J., C. N ichol, M. Disney, P. Lewis, T. Quaife, P. Bowyer, C. B u ild ing , W. M. Road, and G. S treet (2007), Can w e measure te rrestria l 
pho tosyn thes is  fro m  space d irec tly , using spectra l re flectance and fluorescence?. G lobal Change Biol., 73(7), 1484-1497, do i:10 .1111/ 
j.1 365-2486.2007.01352.x.
Guisan, A., T. C. Edwards, and T. Hastie (2002), Generalized linear and genera lized add itive  m odels in studies o f species d is tribu tions: Setting 
th e  scene, Ecol. Model!., 757(2-3), 89-100.
Han, W., J. Fang, D. Guo, and Y. Zhang (2005), Leaf n itro g e n  and phosphorus s to ich io m e try  across 753 te rres tria l p la n t species in China, 
New Phytol., 768(2), 377 -385 , do i:10.1111/j.1469-8137.2005.01530.x.
Hastie, T., R. Tibshirani, T. Hastie, and R. T ibshirani (1986), Generalized add itive  models, Stat. Sci., 7(3), 297-318.
Heinsch, F. A., e t al. (2006), Evaluation o f  rem o te  sensing based terrestria l p ro d u c tiv ity  from  MODIS using regional tow er eddy flu x  ne tw o rk  
observations, IEEE Trans. Geoscl. Remote Sens., 44(7), 1908-1925, doiilO.1109/TGRS.2005.853936.
Hengl, T., H. Sierdsema, A. Radovic, A. Dilo, and A. Radovic (2009), Spatial p red ic tion  o f  species' d is tribu tions from  occurrence-on ly  records: 
C om bin ing p o in t pa tte rn  analysis, ENFA and regression-krig ing, Ecol. Mode!!., 220(24), 3499-3511, doi:10.1016/j.ecolmodel.2009.06.038.
Hickler, T. (1999), Plant functiona l types and com m u n ity  characteristics along environm enta l gradients on Oland's Great Alvar (Sweden), Lund.
Hijmans, R. J., S. E. Cameron, J. L. Parra, P. G. Jones, A. Jarvis, S. E. H ijmans, J. L. Cameron, P. G. J. Parra, and R. J. A. Jarvis (2005), Very high 
resolu tion in terpo la ted c lim ate  surfaces fo r  g loba l land areas. Int. J. Climatol., 25(15), 1965-1978, doi:10.1002/joc.1276.
Hiiker, T., N. C. Coops, M. A. W ulder, T. A. Black, and R. D. G uy (2008), The use o f  rem o te  sensing in lig h t use e ffic ien cy  based m odels 
o f  gross p rim a ry  p ro d u c tio n : A rev iew  o f  cu rre n t status and fu tu re  requ irem ents, Sci. Total Environ., 404(2-3), 411 -23 , d o i:10.1016/ 
j.sc ito tenv .2007 .11.007.
Huete, A., K. Didan, T. M iura, E. P. Rodriguez, X. Gao, and L. G. Ferreira (2002), O verview  o f  the  rad iom etric  and biophysical perform ance o f  the 
MODIS vege ta tion  indices. Remote Sens. Environ., 83(1-2), 195-213, doi:10.1016/s0034-4257(02)00096-2.
Huston, M. A., and S. W oiverton (2009), The global d is tribu tion  o f  net prim ary production: Resolving the paradox, Ecol. Monogr., 79(3), 343-377, 
doi:10.1890/08-0588.1.
Jin, C., X. Xiao, L. M erbold, A. Arneth, E. Veenendaal, and W. L. Kutsch (2013), Phenology and gross p rim ary p roduction  o f  tw o  dom in an t 
savanna w ood land  ecosystems in Southern Africa, Remote Sens. Environ., 135 ,189-201, do i:10.1016/j.rse.2013.03.033.
Jones, M. O., J. S. Kimball, L. A. Jones, and K. C. McDonald (2012), Satellite passive m icrow ave de tection  o f  N orth  Am erica start o f  season. 
Remote Sens. Environ., 123, 324-333, doi:10.1016/j.rse.2012.03.025.
Kandasamy, S., F. Baret, A. Verger, P. Neveux, and M. Weiss (2013), A com parison o f  m ethods fo r  sm ooth ing  and gap f ill in g  t im e  series o f 
rem o te  sensing observations -  app lica tion to  MODIS LAI products. Biogeosciences, 70(6), 4055-4071, doi:10.5194/bg-10-4055-2013.
Kattge, J., W. Knorr, T. Raddatz, and C. W irth  (2009), Q uantify ing  pho tosyn the tic  capacity and its re la tionsh ip  to  leaf n itrogen  con ten t fo r 
g lobal-scale terrestria l b iosphere m odels. Global Change Biol., 75(4), 976-991, do i:10.1111 /j.1365-2486.2008.01744.x.
Kattge, J., e t al. (2011), TRY - a g loba l database o f  p lan t traits. Global Change Biol., 77(9), 2905-2935, doi:10.1111/j.1 365-2486.2011.02451 x.
Kazakou, E., D. Vile, B. Shipley, C. Gallet, and E. G am ier (2006), Co-varia tions in litte r decom position , leaf tra its and p lan t g row th  in species 
from  a M editerranean o ld -fie ld  succession, Funct. Ecol., 20(1), 21 -30 , doi:10.1111/j.1 365-2435.2006.01080.x.
Kergoat, L., S. Lafont, A. Arneth, V. Le Dantec, and B. Saugier (2008), N itrogen contro ls  p lan t canopy light-use e ffic iency in tem pera te  and 
boreal ecosystems, 3. Geophys. Res., 113, G04017, doi:10.1029/2007JG000676.
Kim, Y., and J. K im ball (2011), D eve lop ing  a g loba l data record o f  d a ily  landscape fre e ze /th a w  status using sa te llite  passive m icrow ave  
rem o te  sensing, IEEE Trans. Geoscl. Remote Sens., 49(3), 949 -96 0 , doi:10.1109/TGRS.2010.2070515.
Kim, Y., J. S. Kimball, K. Zhang, and K. C. M cDonald (2012), Satellite de tec tion  o f  increasing N orthern  Hem isphere non-frozen seasons from  
1979 to  2008: Im plications fo r  regional vege ta tion  g row th . Remote Sens. Environ., 121, 472-487, doi:10.1016/j.rse.2012.02.014.
Kimball, J. S., M. Zhao, K. C. McDonald, and S. W. Running (2006), Satellite rem ote sensing o f  terrestrial net p rim ary production fo r the  pan-Arctic 
basin and Alaska, MItlg. Adapt. Strateg. Global Change., 7 7(4), 783-804, doi:10.1007/s 11027-005-9014-5.
Kim ball, J. S., L. A. Jones, Z. Ke, F. A. Heinsch, K. C. M cD ona ld, and W. C. O echel (2009), A sa te llite  approach to  es tim a te  land -  A tm osphere  
CO2 exchange fo r  Boreal and A rctic  Biomes using MODIS and AMSR-E, IEEE Trans. Geoscl. Remote Sens., 47(2), 569 -587 , do i:1 0 .1109/ 
tgrs.2008.2003248.
Kleyer, M., e t al. (2008), The LEDATraitbase: A database o f  life -h is to ry  tra its  o f  th e  N o rthw e s t European flo ra , J. Ecol., 96(6), 1266-1274, 
do i:1 0 .1111/j.1365-2745.2008.01430.x.
Kumar, M., and J. L. M onte ith  (1981), Remote sensing o f  p lant grow th , in Plants and the Daylight Spectrum, edited by P. A. Huxley, pp. 133-144, 
Academic Press, London.
Lassiop, G., M. Reichstein, D. Papale, A. D. Richardson, A. A rne th , A. Barr, P. Stoy, and G. W o h lfa h rt (2010), S eparation o f  ne t ecosystem  
exchange in to  ass im ila tion  and resp ira tion  using a lig h t response curve approach: C ritica l issues and g loba l eva lua tion . Globa l Change 
Biol., 76(1), 187-208, do i:10.1111/j.1 365-2486.2009.02041 .X.
Laughlin, D. C., J. J. Leppert, M. M. Moore, and C. H.Sieg (2010), A m u lti-tra it test o f  the leaf-height-seed p lant strategy scheme w ith  133 species 
from  a pine forest flora, Funcf. fco/., 24(3), 493-501, doi:10.1111/j.1365-2435.2009.01672.x.
Li, S.-G., W. Eugster, J. Asanum a, A. Kotani, G. Davaa, D. O yunbaatar, and M. Sugita (2008), Response o f  gross ecosystem  p ro d u c tiv ity , lig h t 
use e ffic iency, and w a te r use e ffic ien cy  o f  M ongo lian  s teppe to  seasonal va ria tions  in soil m o is ture , J. Geophys. Res., 113, G 01019, 
doi:10.1029/2006JG 000349.
L indquist, J. L., T. J. Arkebauer, D. T. W alters, K. G. Cassman, and A. Doberm ann (2005), Maize radia tion use effic iency under op tim a l g row th  
cond itions. Agronomy, 97, 72-78.
Loveys, B., L. A tkinson, D. Sherlock, R. Roberts, A. Fitter, and O. A tk in  (2003), Therm al acclim ation o f  leaf and roo t respiration : An investigation 
com paring inhe ren tly  fast-and s low -grow ing  p lan t species. Global Change Biol., 9(6), 895-910, do i:10.1046 /j.1365-2486.2003.00611.x.
M alh i, Y. (2012), The p ro d u c tiv ity , m etabo lism  and carbon cycle o f  trop ica l fo re s t vege ta tion , J. Ecol., 700(1), 65 -75 , d o i:10.1111/ 
j.1 365-2745.2011.01916.x.
M edlyn , B. E., e t al. (1999), Effects o f  e levated [CO2 ] on  pho tosyn thesis  in European fo re s t species: A m eta-analysis o f  m ode l param eters. 
Plant. Cell Environ., 22(12), 1475-1495, do i:10.10 4 6 /j.1365-3040.1999.00523.x.
Messier, J., B. J. McGill, and M. J. Lechowicz (2010), How do  tra its vary across ecological scales? A case fo r trait-based ecology, Ecol. Lett., 73(7), 
838-48 , do i:10.1111 /j.1461 -0248.2010.01476.x.
M A D A N I  E T A L  ©2014. Am erican Geophysical Union. All Rights Reserved. j  3
^ A G U  Journal of Geophysical Research: Blogeosclences 10.1002/2014JG002709
Meziane, D.,and B.Shipley (1999), Interacting com ponents o f  interspecific relative g row th  rate: Constancy and change under d iffering conditions 
o f  ligh t and nutrien t supply, Funct. Ecol., 73(5), 611 -622.
M onteith, J., and C.Moss (1977), Climate and the  efficiency o f  crop production in Britain, P/i//os. Trons. R.Soc. London B. Biol. Sci., 281(980),277-294.
M onte ith , J. L. (1972), Solar radia tion and p ro d u c tiv ity  in trop ica l ecosystems, J. Appi. Ecol., 9(3), 747-766.
M yneni, R. B., e t al. (1999), MODIS Leaf Area Index (LAI) And Fraction O f Photosyn the tica lly  A ctive Radiation Absorbed By V egeta tion (FPAR) 
P roduct (M 0D 15), ed ited byY . Zhang, NASA G oddard Sp. F light Cent., 121, 126, O ctober.
Niinemets, 0. (2001), Global-scale clim atic controls o f  leaf d ry  mass per area, density, and thickness in trees and shrubs. Ecology, 82(2), 453-469, 
doi:10.1890/0012-9658(2001).
Nouvellon, Y., e ta l. (2010), W ith in -stand and seasonal variations o f specific leaf area in a clonal Eucalyptus p lanta tion  in the  Republic o f  Congo, 
For. Ecol. Manage., 259(9), 1796-1807, doi:10.1016/j.foreco.2009.05.023.
Ogaya, R., and J. Pehuelas (2003), Com parative fie ld  s tudy o f Quercus ilex and Phillyrea la tifo lia : Photosyn the tic  response to  experim enta l 
d ro u g h t cond itions. Environ. Exp. Bot., 50(2), 137-148, do i:10.1016/50098-8472(03)00019-4.
O iiinger, S. V., e t al. (2008), Canopy nitrogen, carbon assimilation, and albedo in tem perate and boreal forests: Functional relations and potentia l 
c lim ate feedbacks, Proc. Natl. Acad. Sci. U.SA., 105(49), 19,336-41, doi:10.1073/pnas.0810021105.
Olson, D. M., e t al. (2001), Terrestria l ecoregions o f the  W orld: A new  m ap o f  life  on Earth, BioScience,5^(^ 1), 933-938, do i:10.1641/0006-3568 
(2001 )051 [0933:TEOTWA]2.0.C.
Onoda, Y., e t al. (2011), G lobal patte rns o f  lea f m echanical properties, Ecol. Lett., 74(3), 301-12 , doi:10.111 l/ j.1 4 6 1 -0248.2010.01582.x.
O rdonez, A. J. C., P. M. Van B odegom , J. M. W itte , P. Ruud, J. C. O rdonez, P. M. van Bodegom , R. P. B a rtholom eus, H. F. van D obben, and 
R. Aerts (2010), Leaf h a b it and w oodiness regu la te  d iffe re n t lea f econ om y tra its  a t a g iven  n u tr ie n t supp ly . Ecology, 97(11), 3218-3228, 
do i:10 .1890/09-1509.1.
Pan, Y., R. Birdsey, J. Hom, K. M ccullough, and K. Clark (2006), Im proved estim ates o f  ne t p rim ary p ro d u c tiv ity  from  M odis Satellite Data at 
Regional and Local Scales, Ecol. Soc. Am., 76(1), 125-132.
Pan, Y., J. M. Chen, R. Birdsey, K. M cCullough, L. He, and F. Deng (2011), Age structure  and d isturbance legacy o f  N orth  Am erican forests, 
Blogeosclences, 8(3), 715-732, do i:10.5194 /bg-8-715-2011.
Parolin, P., N. Armbruster, and W. J. Junk (2002), Seasonal changes o f  leaf n itrogen con ten t in trees o f  Amazonian floodplains, Acfo Amozdn/co, 
32(2), 231-240.
Pebesma, E. J. (2004), M u ltivariab le  geostatistics in S: The gsta t package, Comput. Geoscl., 30(7), 683-691, doi:10.1016/j.cageo.2004.03.012.
Penuelas, J.,J. Sardans, J. LIusia, S. M. Owen, J. Carnicer, T. W. G iambelluca, E. L. Rezende, M. Waite, and 0 . N iinem ets (2009), Faster returns on 
"leaf economics" and d iffe rent biogeochem ical niche in invasive com pared w ith  native p lant species. Global Change Biol., 16(8), 2171-2185, 
doi:10.1111 /j.1365-2486.2009.02054X
Poorter, L. (2009), Leaf traits show  d iffe rent relationships w ith  shade tolerance in m oist versus d ry  tropical forests. New Phytol., 787(4), 890-900, 
doi:10.1111 /j.1469-8137.2008.02715 x
Potter, C., J. Randerson, and C. Field (1993), Terrestria l ecosystem p roduction : A process m odel based on g loba l sate llite  and surface data. 
Global Biogeochem. Cycles, 7(4), 811 -841 , do i:10.1029/93GB02725.
Preston, K., W. Cornwell, and J. DeNoyer (2006), W ood density  and vessel tra its as d is tinc t corre lates o f  ecological s trategy in 51 California 
coast range angiosperm s. New Phytol., 170(4), 807-18 , doi:10.1111/j.1469-8137.2006.01712.x.
Pyankov, V., A. Kondratchuk, and B.Shipley (1999), Leaf structure and specific leaf mass: The a lp ine desert plants o f  the  Eastern Pamirs Tadjikistan, 
New Phytol., 143, 131-142.
Q uested, H. M., J. H. C. Cornelissen, M. C. Press, T. V. Callaghan, R. Aerts, F. Trosien, P. Riem ann, D. G wynn-Jones, A. K ondratchuk, and 
S. E.Jonasson (2003), D e com pos ition  o f  sub-arctic  plants w ith  d iffe r in g  n itro g e n  econom ies: A fu n c t io n a l ro le  fo r  hem iparasites. 
Ecology, 84(12), 3209-3221 , do i:10.1890/02-0426.
Rahman, A. F. (2005), Potentia l o f  MODIS EVI and surface tem pera tu re  fo r d irec tly  estim ating  per-pixel ecosystem C fluxes, Geophys. Res. Lett., 
32, LI 9404, doi:10.1029/2005GL024127.
Reich, P. B. (2012), Key canopy tra its drive  forest p roductiv ity , Proc. Biol. Sci., doi:10.1098/rspb.2011.2270, (January).
Reich, P. B., M. G. Tjoelker, K. S. Pregitzer, I. J. W right, J. Oleksyn, and J.-L. M achado (2008), Scaling o f respiration to  n itrogen  in leaves, stems 
and roots o f  h igher land plants, Ecol. Lett., 11(8), 793-801, doi:10.1111/j.1461-0248.2008.01185.x.
Reich, P. B., J. O leksyn, and I. J. W rig h t (2009), Leaf phosphorus in fluences th e  pho tosyn thes is -n itrog en  re la tion : A cross-b iom e analysis o f 
314 species, Oecologia, 160(2), 207 -12 , doi:10.1007/s00442-009-1291-3.
Rodell, M., e t al. (2004), The Global Land Data Assim ilation System, Bull. Am. Meteorol. Soc., 85(3), 381-394, doi:10.1175/BAMS-85-3-381.
Rogers, A. (2013), The use and misuse o f  V c,max in Earth System Models, Photosynth. Res., 7 79(1-2), 15-29, doi:10.1007/s11120-013-9818-1.
Ruimy, A., B. Saugier, and G. Dedieu (1994), M e th odo logy  fo r the  estim ation  o f  terrestria l ne t p rim ary  p roduction  from  rem o te ly  sensed data, 
J. Geophys. Res., 99(03), 5263-5283, doi:10.1029/93JD03221.
Ruimy, A., G. Dedieu, and B. Saugier (1996),TURC: A d iagnostic m odel o f  con tinen ta l gross prim ary p ro d u c tiv ity  and ne t prim ary p roductiv ity . 
Global Biogeochem. Cycles, 10(2), 269-285, do i:10.1029/96GB00349.
Running, S. W., R. R. Nemani, F. A. Heinsch, M. Zhao, M. Reeves, and H. H ashim oto (2004), A Continuous Satellite-Derived Measure o f  Global 
Terrestria l Prim ary P roduction, BioScience, 54(6), 547, do i:10.1641 /0006-3568(2004)054[0547:ACSMOG]2.0.CO;2.
Running, S., e t al. (1999), A globa l terrestria l m o n ito rin g  ne tw o rk  in teg ra ting  tow er fluxes, flask sam pling, ecosystem m ode ling  and EOS data. 
Remote Sens. Environ., 7 0 ,108-127.
Schlemmer, M., A. Gitelson, J. Schepers, R. Ferguson, Y. Peng, J. Shanahan, and D. Rundquist (2013), Remote estim ation  o f n itrogen  and 
ch lo ro phy ll contents in maize at leaf and canopy levels. Int. J. Appi. Earth Obs. G eoinf, 2 5 ,47-54 , do i:10.1016/j.jag.2013.04.003.
Shipley, B. (1995), Structured interspecific determ inants o f  specific leaf area in 34 species o f herbaceous angiosperms, Ft/ncf. Ecol., 9(2), 312-319.
Shipley, B. (2002), Trade-offs betw een ne t assim ilation rate and specific leaf area in de te rm in in g  relative g row th  rate: Relationship w ith  da ily 
irradiance, Funct. Ecol., 76(5), 682-689, do i:10.1046/j.1365-2435.2002.00672.X.
Shipley, B., and M. Lechowicz (2000), The functiona l co-ord ination o f  leaf m orphology, n itrogen concentration, and gas exchange in 40 wetland 
species, Ecoscience, 7(2), 183-194.
Shipley, B., and T.-T. Vu (2002), Dry m atte r con ten t as a measure o f  d ry  m atter concentra tion  in plants and the ir parts. New Phytol., 753(2), 
359-364, do i:10.1046/j.0028-646X.2001 .00320x.
Simard, M., N. Pinto, J. B. Fisher, and A. Baccini (2011), M apping fo rest canopy he igh t g loba lly  w ith  spaceborne lidar, 3. Geophys. Res., 7 76, 
G04021, do i:10.1029/2011JG001708.
Stoy, P. C., G. G. KatuI, M. B. S. Siqueira, J.-Y. Juang, K. A. Novick, J. M. Uebelherr, and R. Oren (2006), An eva luation  o f m odels fo r  p a rtit ion ing  
e d d y  covariance-m easured ne t ecosystem  exchange in to  pho tosyn thes is  and resp ira tion , Agric. For. M eteorol., 747(1), 2 -18 , 
do i:1 0 .1016/j.agrform et.2006 .09.001.
M A D A N I  E T A L  ©2014. Am erican Geophysical Union. All Rights Reserved. j  4
^ A G U  Journal of Geophysical Research: Blogeosclences 10.1002/2014JG002709
T ow nshend, J. R. G., M. Carroll, C. D im ice li, R. Sohlberg, M. Hansen, and R. DeFries (2011), V ege ta tion  C ontinuous Fields MOD44B, 2001 
Percent Tree Cover, C o llection  5, Univ. o f  M aryland.
Trapani, N., A. J. Hall, V. O. Sadras, and F. Vilella (1992), O n togene tic  changes in radia tion use e ffic iency o f  sun flow er (Helianthus annuus L.) 
crops, F. Crop. Res., 29(4), 301-316, doi:10.1016/0378-4290(92)90032-5.
Turner, D. P., S.T. Gower, W. B. Cohen, M. Gregory, and T. K. M aiersperger (2002), Effects o f  spatia l va riab ility  in lig h t use effic iency on satellite- 
based NPP m on ito ring . Remote Sens. Environ., 80(3), 397-405, do i:10.1016/50034-4257(01)00319-4.
Van Bodegom , P. M., B. K. Sorrell, A. O osthoek, C. Bakker, and R. Aerts (2008), Separating th e  effects o f  partia l subm ergence and soil oxygen 
dem and on p lan t physio logy, fco/ogy, 89(1), 193-204, do i:10.1890/07-0390.1.
Veroustraete, F., H. Sabbe, and H. Eerens (2002), Estim ation o f carbon mass fluxes over Europe using th e  C-Fix m odel and Euroflux data. 
Remote Sens. Environ., 83(3), 376-399, do i:10.1016/50034-4257(02)00043-3.
W ahba, G. (1975), S m ooth ing noisy data w ith  sp line  functions, Numer. M oth., 24, 383-393.
W ang, H., G. Jia, C. Fu, J. Feng, T. Zhao, and Z. Ma (2010), Deriv ing m axim al lig h t use e ffic iency from  coord inated f lu x  m easurem ents and 
sate llite  data fo r  regional gross p rim ary p roduction  m odeling . Remote Sens. Environ., 174(10), 2248-2258, doi:10.1016/j.rse.2010.05.001.
Way, J., e t al. (2005), Site-level evaluation o f satellite-based global terrestrial gross prim ary production and net prim ary production  m onitoring . 
Global Change BioL, 11(4), 666-684, doi:10.1111/j.l 365-2486.2005.00936X.
W ood, S. N. (2006), Generalized Additive Models: An Introduction W ith R, Chapm an and Hall/CRC, Boca Raton, Fla.
W right, I.J., e ta l.  (2004),The w o rld w id e  leaf econom ics spectrum . Nature, 428(6985), 821 -7 , doi:10.1038/nature02403.
W right, I. J., e t al. (2007), Relationships am ong ecologically im portan t dim ensions o f  p lan t tra it variation in seven neotropical forests, Ann. Bot., 
99(5), 1003-15, doi:10.1093/aob/m cl066.
Xiao, X., Q. Zhang, S. Saleska, L. Hutyra, P. De Cam argo, S. W ofsy, S. F ro lk ing, S. Boles, M. Keller, and B. M oore lii (2005), Sate llite-based 
m ode ling  o f  gross p rim a ry  p ro d u c tio n  in a seasonally m o is t trop ica l evergreen fo rest. Remote Sens. Environ., 94(1), 105-122, 
do i:10.1016/j.rse.2004.08.015.
Xin, Q., P. Gong, C. Yu, L. Yu, M. Broich, A. Suyker, and R. M yneni (2013), A Production E fficiency Model-Based M ethod fo r Satellite Estimates o f 
Corn and Soybean Yields in th e  M idw este rn US, Remote Sens., 5(11), 5926-5943, doi:10.3390/rs5115926.
Xu, L, and D. D. Baidocchi (2003), Seasonal trends in pho tosyn the tic  param eters and stom ata l conductance o f  b lue oak (Quercus douglasii) 
under p ro longed sum m er d ro u g h t and h igh tem pera ture . Tree Physiol., 23(13), 865-77.
Yi, Y., J. S. Kimball, L. A. Jones, R. H. Reichle, R. Nemani, and H. A. M argolis (2013), Recent c lim ate  and fire  d isturbance im pacts on boreal and 
arctic ecosystem p ro d u c tiv ity  estim ated using a satellite-based terrestria l carbon f lu x  m odel,3. Geophys. Res. Blogeosclences, 118,606-622, 
doi:10.1002/jgrg.20053.
Yuan, W., e t al. (2007), Deriv ing a lig h t use e ffic iency m odel from  edd y  covariance f lu x  data fo r p red ic ting  da ily  gross prim ary production  
across biomes, Agr/c. For. Meteorol., 143(3-4), 189-207, do i:10.1016/j.agrform et.2006.12.001.
Zar, J. H. (1999), Biostotisticol Analysis, Prentice Hall, New Jersey.
Zhao, M., and S. W. Running (2010), D rought-induced reduction  in g loba l terrestria l ne t prim ary p roduction  from  2000 th rough  2009, Sc/ence, 
329(5994), 940-3 , doi:10.1126/science.1192666.
Zhao, M., F. A. Heinsch, R. R. Nemani, and S. W. Running (2005), Im provem ents o f  the  MODIS terrestria l gross and ne t p rim ary p roduction  
g loba l data set. Remote Sens. Environ., 95(2), 164-176, do i:10.1016/j.rse.2004.12.011.
M A D A N I  E T A L  ©2014. Am erican Geophysical Union. All Rights Reserved. j  5
